To characterize the promoterome of caudate and putamen regions (striatum), frontal and temporal cortices, and hippocampi from aged human brains, we used high-throughput cap analysis of gene expression to profile the transcription start sites and to quantify the differences in gene expression across the 5 brain regions. We also analyzed the extent to which methylation influenced the observed expression profiles. We sequenced more than 71 million cap analysis of gene expression tags corresponding to 70,202 promoter regions and 16,888 genes. More than 7000 transcripts were differentially expressed, mainly because of differential alternative promoter usage. Unexpectedly, 7% of differentially expressed genes were neurodevelopmental transcription factors. Functional pathway analysis on the differentially expressed genes revealed an overrepresentation of several signaling pathways (e.g., fibroblast growth factor and wnt signaling) in hippocampus and striatum. We also found that although 73% of methylation signals mapped within genes, the influence of methylation on the expression profile was small. Our study underscores alternative promoter usage as an important mechanism for determining the regional differences in gene expression at old age.
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Introduction
The brain is the most complex organ of the human body, and this complexity is a major landmark of human evolution (Konopka and Geschwind, 2010) . The brain can be divided into different functional and anatomic regions that are established during development and maintained throughout life. The mechanisms that regulate normal brain function and differentiation are controlled by both genetic ) and epigenetic factors (Miller and Sweatt, 2007) , and alterations in these mechanisms can lead to neurodegenerative diseases (Abdolmaleky et al., 2005) . There have been tremendous advances in our understanding of the molecular mechanisms involved in brain function, and the regional differences in these functions are beginning to be understood (Khaitovich et al., 2004; Roth et al., 2006) . Less is known about the genetic mechanisms that are responsible for establishing and maintaining these differences throughout development, adulthood, and aging. Insights into these mechanisms are required to understand the differential susceptibility of distinct brain regions to neuronal insults (Double et al., 2010) . For example, the genes for which mutations have been characterized in Alzheimer's disease (AD) (Joachim et al., 1989; Shen et al., 1997 ) and Parkinson's disease (PD) (Bandopadhyay et al., 2004) are often ubiquitously expressed whereas the observed pathology is restricted to specific brain regions and specific cell types (Double et al., 2010) . Dissection of the molecular basis of this selective vulnerability will be pivotal to our understanding of disease pathogenesis and the development of specific therapies.
Much of our current insight into the molecular basis of brain function results from detailed studies of single genes or molecular mechanisms often initiated by the identification of genetic mutations (Hardy and Selkoe, 2002) . However, unbiased approaches, where large numbers of genes are assessed simultaneously, are expected to be more powerful to dissect the genetic mechanisms controlling brain function. Large-scale analysis of gene expression in brain was pioneered by microarray experiments (Khaitovich et al., 2004) . In recent years, high-throughput sequence-based technologies have been developed to analyze the mammalian transcriptome in more detail and at greater depth (Sandelin et al., 2007) . These technologies have been decisive to uncover a complex picture of the mammalian transcriptome (Carninci et al., 2005) and to identify new mechanisms of gene regulation and control of gene expression in brain (Kang et al., 2011; Tollervey et al., 2011) . Among sequence-based technologies, tagbased approaches such as cap analysis of gene expression (CAGE) have been used to comprehensively profile the transcription start sites (TSSs) and the promoter regions (Takahashi et al., 2012) . CAGE is a cap-trappingebased method that profiles 5 0 capped transcripts of both coding and noncoding RNA classes and has been pivotal in the discovery of alternatively regulated TSSs and novel regulatory elements Valen et al., 2009) .
To understand how different promoters and control elements of genes establish and maintain region-specific expression patterns, we used CAGE in combination with massive parallel sequencing to profile TSSs of brain regions in 7 aged healthy individuals, at a genome-wide scale. We selected 5 samples of caudate nuclei, putamen, frontal and temporal cortices, and hippocampus, which are specifically vulnerable in the most prevalent neurodegenerative disorders (Double et al., 1996) . First, we characterized the transcriptome of aged human brain and evaluated the extent of alternative promoter usage. Second, we quantified differences in gene expression and promoter usage across 5 brain regions. Finally, we analyzed the extent to which methylation influenced the observed expression profiles.
Methods

Brain specimens
The postmortem brain tissues were obtained from the Netherlands Brain Bank (Amsterdam, The Netherlands). The donors were aged subjects (age range: 70e91 years) without clinical signs of neurodegenerative or psychiatric disorders. All brains were neuropathologically evaluated by an experienced neuropathologist and classified for neurofibrillary tangles stage 0eVI (Alafuzoff et al., 2008) , amyloid-beta plaques score 0eC, and Braak a-synuclein stage 0eVI using the staging protocols of Brain Net Europe and Braak (Alafuzoff et al., 2009a (Alafuzoff et al., , 2009b Braak et al., 2006) . The dissection of the caudate, putamen, hippocampus, middle frontal gyrus (F2), and middle temporal gyrus regions was performed from snap frozen human brain sections. Tissue was stored at À80 C until further processing. Pathologic examination of the brain specimens showed changes consistent with the age of the individuals. The age at death, cause of death, and postmortem delay until dissection are provided in Supplementary Table 1 .
CAGE library preparation
Total RNA was extracted and purified from tissues using the Trizol tissue kit according to the instructions provided by the manufacturer (Invitrogen). RNA quality per library was assessed using the RNA integrity number with the Agilent Total RNA Nano kit (Table 1) . The standard CAGE protocol was adapted for sequencing on an Illumina platform. A thorough description of the protocol to prepare CAGE libraries and to sequence CAGE tags is presented in Takahashi et al. (2012) . Briefly, complementary DNA (cDNA) was synthesized from total RNA using random primers, and this process was carried out at high temperature in the presence of trehalose and sorbitol to extend cDNA synthesis through GC-rich regions in 5 0 untranslated regions (UTRs). The 5 0 ends of messenger RNA within RNA-DNA hybrids were selected by the cap-trapper method ) and ligated to a linker so that an EcoP15I recognition site was placed adjacent to the start of the cDNA, corresponding to the 5 0 end of the original messenger RNA. This linker was used to prime secondstrand cDNA synthesis. Subsequent EcoP15I digestion released the 25-to 27-base pair (bp) CAGE tags. After ligation of a second linker, CAGE tags were polymerase chain reaction amplified, purified, and sequenced on the Illumina Genome Analyzer GLXII platform (Takahashi et al., 2012) . The data have been submitted to the Gene Expression Omnibus (GEO) public repository (GSE43472).
DNA methylation microarrays
DNA isolation and purification to detect methylation was carried out following standard protocols (Supplementary data, Methods). Genome-wide amplified input and output samples were sent to Roche NimbleGen where they were hybridized to DNA Methylation 2.1 Million Deluxe Promoter Arrays. The arrays have a mean probe spacing of 99 bp and median probe spacing of 100 bp. Each array has more than 2.1million probes distributed in the following manner (1) promoter regions from 7250 bases upstream of each TSS to 3250 bases downstream; (2) micro RNA (miRNA) genes, starting from 15 kbp upstream of the mature gene product to its 3 0 end; (3) CpG islands; and (4) ENCODE regions. Probes were chosen from the hg18 tiling database. Therefore, the probes targeted mainly annotated promoter regions and CpG islands.
Bioinformatics and statistical analysis of CAGE data
Primary quality control analysis included the removal of linker and barcode sequences as well as other sequencing artifacts to obtain raw CAGE tags of approximately 27 bps. Next, raw CAGE tags were mapped to the human genome (hg18 build) using Nexalign (T. Lassmann, http://genome.gsc.riken.jp/osc/english/dataresource/) allowing for 1 mismatch and 1 indel. The above steps were carried out with scripts and software (see Lassmann et al., 2009) developed at the RIKEN. Following previous approaches to analyze promoter activity based on CAGE data, we grouped raw CAGE tags into CAGE clusters using a clustering pipeline from Omics Science Center bioinformatics at the RIKEN (De Hoon et al., 2010) . In brief, the CAGE tags that mapped to the same position in the human genome and were on the same strand were considered CAGE Transcription Start Sites (CTSSs) (level 1 [L1]). For tags that mapped to multiple positions in the genome, a rescuing approach was applied (Faulkner et al., 2008) . L1 CAGE tags were clustered into level 2 tag clusters (L2 TCs) if they overlapped within 20 bps and were on the same strand. L2 TCs were grouped into level 3 (L3) TCs if they overlapped within a region of 400 bps and were on the same strand. For clarity, a CTSS marks the first nucleotide that is transcribed into RNA and is considered a putative TSS, whereas a L3 TC encompasses the region that is shared between proximal TSSs (Supplementary data, Methods) (Sandelin et al., 2007) . After clustering approach, we obtained 6,735,699 CTSSs (L1 clusters). To increase the probability of capturing genuine promoter regions, we only selected L3 TCs that were present in at least 2 CAGE libraries and with a minimum count of 5 tags per million (TPM) (De Hoon et al., 2010) in at least 1 library; for example, only CTSS present at !5 TPM in one library and !1 TPM in another were included. For all downstream analysis, we used the L3 TCs. Unless stated otherwise, TCs refer to the L3 TCs.
Next, we annotated TCs to human genes by mapping the coordinates of the TCs to all available transcripts from GENCODE version 3d. To do this, we downloaded all GENCODE transcripts from the UCSC genome browser (hg18 build; University of California, Santa Cruz, CA [UCSC]) at different levels of validation (http://genome.ucsc.edu/cgi-bin/hgTables). Custom Perl scripts and BEDTools (Quinlan and Hall, 2010) were used to map the coordinates of the TCs to genomic regions corresponding to specific transcriptional units . TCs that did not map to a specific gene were considered intergenic. Further, we divided the TCs into mutually exclusive classes according to the gene region they mapped to. TCs that mapped to a 5 0 UTR or À300/þ100 bps of a known TSS (core promoter region) were labeled as canonical. The remaining noncanonical TCs were labeled as 5 0 UTR antisense, 3 0 UTR, 3 0 UTR antisense, intronic, exonic, intronic antisense, and exonic antisense. We classified the genes to which the TCs mapped to according to the following Biotypes: protein-coding gene (if it had an open reading frame), long noncoding RNA (lncRNA), miRNA, pseudogene, processed transcript (no open reading frame, but transcribed and not classified into any other category), and other ncRNAs using the definitions from GENCODE (Harrow et al., 2006) (http://www. gencodegenes.org/gencode_biotypes.html).
Differential gene expression and promoter usage derived from CAGE data across 5 brain regions
To obtain an overview of the expression (count) profile of the CAGE libraries, we first tested for differential expression across brain regions and subsequently identified patterns of differences between these regions by means of hierarchical clustering. We focused on autosomal TCs with a minimum of 9 tag counts per TC because this is the minimum number of counts needed to get reliable estimate of expression (Robinson et al., 2010) . We built a model that takes into account both biological and technical variations, as we found that tag expression was subject to batch effects (Supplementary data, Results). The model assumes that CAGE tag counts (y ij ) follow a negative binomial distribution, which is standard for modeling read/tag counts. It also includes brain group (5 levels corresponding to 5 regions), batch (2 levels corresponding to 2 main batches [Supplementary data, Results]), and individual (7 levels corresponding to 7 individuals) as covariates. Details of the mathematical and statistical procedure are presented in Supplementary data, Methods.
To identify differentially expressed TCs (DETC) showing similar differences among (a subset of) groups, we carried out hierarchical clustering (with Euclidean distance) based on the coefficients of brain regions, which are lower than 3 in absolute value. This was carried out with the R function hclust from package stats (with default agglomeration method). We chose the partition that maximized the average silhouette index width.
Functional enrichment analysis was subsequently done on clusters (modules) of DETCs using the PANTHER version 7.0 database (Supplementary data, Methods). All further functional pathway analyses were carried out using this database.
Bioinformatics and statistical analysis of methylation data
The log2 ratio of the probe intensity in the experimental sample against control DNA was determined. The log2 methylation signals were converted into methylation peaks (MPs) using the NimbleGen software (Roche) with default parameters (Supplementary data, Methods). Further, we removed MPs that mapped to X and Y chromosomes as well as those that overlapped with centromeres, telomeres, and segmental duplications. MPs overlapping with regions in which more than 1 segment was detected for a single sample were also removed. Next, we selected consensus MPs that were shared in a minimum of 2 samples. For this, we used the plink software version 7 (Purcell et al., 2007) and identified shared methylated "segments" with the command: plink file -segmentgroup. Next, we used BEDTools (Quinlan and Hall, 2010) to map the MPs to annotated human genes (hg18) using GENCODE version 3d at different levels of annotation. We also mapped the MPs to CpG islands downloaded from UCSC browser . Details of the experimental protocol and the downstream analysis are presented in Supplementary data.
Differential methylation analysis
We modeled the log2 ratios of the probe intensities taking both biological and technical variations into account and assuming that the ratios followed a normal distribution. Brain group (here we used the caudate as reference group), batch, and individual factors were covariates. We fitted 2 models per methylation probe: a full model, which included all 3 covariates and a null model where the factor brain group was discarded. We tested for differences in the models using a one-way analysis of variance, implemented in R version 13, and adjusted for multiple testing using the Bonferroni correction. Differentially methylated peaks (DMPs) were defined as differentially methylated probes occurring at a minimum overlap of 300 bps (R script provided by K. Lo at Roche, k.lo@roche.com).
Correlation between methylation signals and expression
First, we calculated the average methylation for every MP, adjusting for both biological and technical variations as mentioned previously. Next, we overlapped the genomic coordinates of the MPs with the genomic coordinates of the TCs (À1500/þ500) using BEDTools (Quinlan and Hall, 2010) and estimated the Spearman correlation between the average mean intensity of methylation and the average expression of the overlapping TCs (geometric mean).
To test whether the expression of individual TCs were affected by methylation, we used the same statistical framework that we used to identify DETCs but included the methylation covariate as the variable of interest. Briefly, for each TC, we fitted 2 models. A full model with brain group, batch, and methylation as covariates, and a null model where methylation was removed. Because of the small number of MPs overlapping TCs, we could not fit the individual covariate. Significant differences were calculated as above.
Results
Supplementary Fig. 1 shows a schema of the main steps of experimental procedure and the data analysis we carried out in this study. We prepared 25 CAGE libraries from total RNA isolated from the caudate nuclei, putamen, frontal and temporal lobes, and hippocampus from the 7 donors. In total, we sequenced 72 million CAGE tags (1e2 million per library approximately) in 5 sequencing rounds. Table 1 summarizes the tag count and mapping rate per library after quality control (Supplementary data, methods). The final set of L3 TCs that were available for analysis numbered 70,202.
Features of brain transcriptome of aged individuals derived from CAGE
We mapped the TCs to 16,888 human genes from the GENCODE database . Fig. 1a shows that 31.2% of TCs mapped to the 5 0 UTR or promoter regions of previously annotated transcripts (canonical TCs), whereas the remaining 68.9% mapped to other regions including introns, exons, and 3 0 UTRs (noncanonical TCs). In addition, 13.6% of TCs did not map to any known transcript and were considered intergenic. Of these TCs, 559 (6%) mapped to lncRNAs (Jia et al., 2010) (Supplementary Table 2 ). Although canonical TCs represented less than one-third of all TCs (Fig. 1a) , their expression was high and accounted for most of the overall TC expression. In contrast, the expression of most noncanonical TCs was low ( Supplementary Fig. 2 ).
Of all the expressed genes, 14,479 (87%) had canonical TCs (Supplementary data, Data set 1). As shown in Fig. 1b , 90% of these genes encode proteins. The remaining 10% consist of ncRNA, of which annotated pseudogenes account for 33%. We compared the list of genes that were expressed in our data set with those from RNASeq data from brain and other tissues (Ramskold et al., 2009) . We found an overlap of 77% ( Supplementary Fig. 3 ). Genes expressed in brain according to Ramskold et al. (2009) that were not present in our CAGE data set included both mitochondrial (e.g., MT-ATP6, MT-ND3, and MT-CO2) and ribosomal genes. In contrast, there was a larger proportion of ncRNA in our brain CAGE data set (24% more compared with RNASeq, Supplementary Fig. 3b) , with a particular enrichment for pseudogenes and lncRNAs.
We looked at the expression profile of 1909 highly expressed genes with canonical TCs (90th percentile of the log geometric mean of expression distribution; Supplementary Table 3) in more detail. This group included genes involved in brain aging (e.g., GPAFP, SPARCL1, and B2M, Starkey et al., 2012) , calcium homeostasis (CALM1e3), neurodegeneration (CLU and PICALM, Mengel-From et al., 2011) , and oxidative stress (e.g., PTGD2, CA11 and SOD1, Pareek et al., 2011) . We carried out functional enrichment analysis using PANTHER version 7.0 (Mi et al., 2009; Thomas et al., 2003) on the group of highly expressed genes. Although many genes could not be classified, the most significant molecular pathways identified included the ubiquitin-proteasome pathway, synaptic transmission pathway, Huntington's disease, and PD ( Supplementary  Fig. 4 ). The overrepresentation of the PD pathway was mediated through genes encoding components of the ubiquitin-proteasome pathway (e.g., PSMA1 and PSMA2), heat shock proteins (e.g., HSPA2 and HSPA5), cell cycle components (e.g., SEPT2, SEPT4, and SEPT5), and synaptic genes (e.g., SNCA) among others. This shows that genes, for which mutations and/or variants that have been associated with PD, are components of cellular pathways that are highly expressed in the cortical and subcortical brain regions.
Extent of alternative promoter usage in brain transcriptome
We defined alternative TCs (ATCs) as those that mapped to the same gene but were separated by a distance of >300 bp. TCs that were unique for a single gene were defined as "dominant TC" (DTC). Compared with DTCs, ATCs were mostly noncanonical and at least 34% of them mapped to introns.
In our data, 60% of genes (10,205 of 16,888 expressed genes) used ATCs (mean 5, range of 2e356, Fig. 2 ). Most genes with ATC had at least 1 canonical TC. We noted that the number of ATC per gene was above 10 for 10% of the genes (Fig. 2) . Because some of the genes were quite large, we used linear regression to model the number of ATC per gene (for genes with at least 16 ATCs-5% of the genes with large number of ATCs) against gene size. We found a correlation of about 0.3 (R ¼ 0.28, p value <2.2e16). This shows that gene length does not account to a large extent for the excess of ATC in genes. Outlier genes included KCNIP4, PCDH9, CADM2, BAI3, NRG3, LSAMP, NRXN1, LRRTM4, and FGF14, each with at least 100 ATCs. Functional enrichment analysis on genes with more than 16 ATCs (469 genes) showed an overrepresentation of glutamate receptor signaling and synaptic plasticity although most of the genes remained unclassified.
Regional differences in TC expression across the 5 brain regions
To identify signatures of gene expression across different brain regions, we sought CAGE clusters that were differentially expressed in one or more of the brain regions. We modeled the expression of the TCs using the number of counts and tested for significant differences in expression because of "regional effects" (see Section 2). We identified 7412 DETCs. Of these, 6037 were ATC of genes with a main canonical promoter. We identify neither any major differences in biotype between the differentially and nondifferentially expressed groups nor an excess of antisense TCs. Fig. 3 presents the results of the hierarchical clustering for the 7412 DETCs. We identified 3 main branches: one connecting the striatal regions (caudate and putamen), one connecting the cortical regions (frontal and temporal), and a third that separated the hippocampal region from the other 2 groups. Fig. 3 also shows that the TCs were grouped into different clusters. We separated the DETCs into nonoverlapping modules (groups of TC that were differentially expressed in one or more regions) and identified 29 modules (Table 2 ). The largest module (M13) was characterized by small differences in expression across regions, and no region was clearly separated from the rest (Supplementary Fig. 5a ). The other modules were characterized by more obvious differences in the average counts in 1 or 2 brain regions relative to the others ( Supplementary Fig. 5bed ). These included M18 (lower expression in striatum vs. cortical regions and hippocampus), M4 (decreased expression in the caudate nucleus vs. the rest), M27 (lower expression in hippocampus), and M2 (increased expression in the cortex).
We evaluated whether specific signaling, metabolic, and disease pathways were enriched in the differentially expressed modules with at least 100 TCs. We used all the genes that were expressed in our data and that could be annotated in PANTHER version 7.0 as a reference set (Supplementary Table 4a shows the pathways that were significantly enriched in the reference group). Compared with the reference group, few pathways were enriched in the set of differentially expressed modules (Supplementary Fig. 6 ). The most significant pathway was the fibroblast growth factor (FGF) signaling pathway in M27 (lower expression in hippocampus) (p value <0.0005). Several genes from the FGF pathway were differentially expressed, including FGF12, FGF14, RASA1, MAPK6, MAPK10, PPP2R2B, and PPA2. All these genes had a main canonical TC that was uniformly expressed across brain regions and an ATC showing reduced expression in hippocampus. Other significant pathways (p value <0.005) included platelet-derived growth factor signaling in M6 (lower expression in caudate compared with all other regions); synaptic trafficking in M2 (higher expression in cortex than in striatum and hippocampus) and M27 (lower expression in hippocampus); and glutamate receptor type I (metabotropic glutamate receptor group I [mGluRI]), Wnt signaling, and Huntington's disease pathways in M18 (lower expression in striatum compared with cortex and hippocampus). These significant pathways mediate many cell functions including proliferation, differentiation, and survival (Goldbeter and Pourquié, 2008; Moon et al., 2004; Peng et al., 2010) . A list of enriched pathways per module and genes with TC in each of the pathways is presented in Supplementary  Tables 4a and b, respectively. 
Unexpected expression of neurodevelopmental transcription factors in aged brain
To investigate whether differential promoter usage across brain regions can be explained by differences in the manner in which they are regulated, we searched for transcription factors (TFs) that were differentially expressed across the 5 regions. We mapped all DETCs to a manually curated list of TFs (Vaquerizas et al., 2009 ). We identified 519 DETCs that mapped to 320 TF genes, although only 20% mapped to the promoter or 5 0 UTR region (Supplementary Table 5 ). The DETF with the highest expression included those involved in neuronal postmitotic differentiation and laminar integrity in the cortex (e.g., TBR1, Bedogni et al., 2010 , NR2F1, Naka et al., 2008 , NEUROD1, NEUROD2, BHLHE22, and MEF2C) and neuronal plasticity (e.g., NR4A1) ( Table 3 presents the top 20 most highly expressed TF per module). Most of the DETCs that mapped to TF were ATCs. One exception was a DTC that mapped to the promoter region of the KLF5 gene and was differentially expressed in M27. KLF5 has been shown to regulate survival and apoptosis through the regulation of MAPK kinase pathway. Other TFs that are module specific are presented in Supplementary Table 5 .
To identify specific TFs that were coexpressed with (and possibly regulate) the DETCs, we screened proximal (À300/þ100 bp) and distal (À1500/þ500 bp) promoter sequences of all TCs for transcriptional factor binding sites (TFBS) using remote dependency models (see Supplementary data, Methods). Overall, we identified 3 classes of TFBS that were significantly overrepresented in the promoter regions of the DETC, namely, BPTF (FAC1), the TBX family, and CUX1 (CDP). These TFs stand out as regulators during neurodevelopment including dendritogenesis (CUX1) (Cubelos et al., 2010) , cortical formation (Tbr1-TBX) (Bedogni et al., 2010) , and neurite outgrowth (BPTF) (Rhodes et al., 2003) . On the other hand, we found that 15 classes of TFBS were significantly underrepresented including E2F, EGR (KROX), the Sp family (Sp1 and Sp3), Elk1, ATF6, CREB1, and MYC, and KLF5. These TFs are known to be involved in apoptosis (E2F and KLF5) and synaptic plasticity (EGR1-2, CREB, KLF5, and Elk).
We also screened every module separately. We identified significant over/under-representation of TFBS in 19 out of the 29 modules (Supplementary Table 6a and b). The TBX binding site was overrepresented in most of the modules, whereas the BPTF binding site was significantly overrepresented in M13 and M27. Other TFBS were overrepresented although they did not reach statistical significance (Supplementary Table 6a and b).
The extent of methylation in the brain transcriptome of aged individuals
DNA methylation at CpG nucleotides is another crucial mechanism for the regulation of gene expression (Jones, 2012) . To investigate to what extent the patterns of expression in our data correlated with methylation, we analyzed methylation signatures in all 25 samples. After quality control and filtering, we obtained 551,178 MPs distributed and 95,715 of these were shared by at least 2 samples (of the 25 samples) and were used for downstream methylation analysis. We first assessed how many annotated genes from GENCODE were methylated and found that 73% of all methylation signals mapped within genes (Fig. 4) , 43% to introns, 27% to exons, and 25% to promoter regions. We also looked at the proportion of methylation signals that occurred within CpG islands. We found that only 6% of methylated regions mapped within CpG islands. Of the promoters that mapped within CpG islands (45% of total), only 38% were methylated. Our data show that most of the methylated genomic regions occur in gene bodies and outside CpG islands (the list of MPs we used for the analysis is available on request).
Regional differences in methylation across the 5 brain regions
To identify DMP, specific for specific brain regions, we modeled the MPs using a linear model for regional effects, adjusting for both individual and possible methylation batch effects. Using this approach, we identified 13,423 DMPs, and of these 75.9% were mapped within gene bodies. Genes that were differentially methylated included NRXN1, ITPR1, MADD, CNTNAP1, SRR, GABBR1, INPP5A, HTR1D, DLGAP1, and TIAM2, which have been previously shown as methylated (Iwamoto et al., 2011 ) and that we found differentially methylated in frontal cortex.
We also compared the list of DMPs with MPs derived from Davies et al. (2012) , where differences in methylation across several brain areas (mainly cortex and cerebellum) and blood were reported. We found that at least 39% of the DMPs overlapped with these from Davies et al. (2012) . Moreover, several genes that we found differentially methylated showed also differences in methylation between cerebellum and cortex (e.g., AACS, ADCY5, EPHB4, derived from the statistical analysis of differences in expression because of regional effects (see Section 2). The dendrogram at the top shows that basal ganglia cluster together and that frontal and temporal cortices cluster together. The dendrogram at the left of the graph was used to split the DETCs into functional modules (see Results).
GALNT9, and GRM4) and between brain and blood (e.g., CCDC85A, PCDH9, PDE4D, and PPP2R2B). This analysis shows that as much as 39% of methylated regions in brain (as identified by 2 different approaches) exhibit differences in their methylation profile in the brain regions we analyzed. The list of DMPs that we identified and that overlapped with MPs from Davies et al. (2012) is presented in Supplementary data, Data set 2).
Correlation between MPs and expression
To analyze the correlation between expression and methylation in our data, we first overlapped the genomic coordinates of both data sets considering promoter regions from À1500 to þ500 bp relative to the most highly expressed TSS. We found that only 9% of all TCs overlapped with at least 1 MP. Overall, there was no significant correlation between methylation and expression (Spearman correlation: r ¼ À0.05), most likely because of the large variation in the methylation of TCs with very low counts ( Supplementary Fig. 8 ). We also analyzed the correlation between methylation and expression for protein-coding genes and noncoding genes separately (the number of ncRNA genes that overlapped with the MPs was too small to be analyzed independently) and did not observe any difference in their correlation coefficients (Spearman correlation of À0.06 and À0.07 for ncRNAs and proteincoding genes, respectively). Therefore, we tested for significant differences in expression because of "methylation effects" at individual TCs adjusting the expression for brain region and batch 
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Dark gray represents higher expression relative to other regions. Light gray represents lower expression relative to other regions. Black represents similar expression profile for all regions. Key: DETCs, differentially expressed tag clusters.
covariates. For this analysis, we only considered MPs that were present in at least 5 libraries. After correcting for multiple testing, we identified 312 TCs (5%) with differences in expression because of methylation effects. Of these, 34 TCs also exhibited differences in expression per region. Therefore, the differential expression because of regional effects we observed earlier was not driven by differences in methylation to a large extent. Genes with differences in expression per region because of methylation status included CDK10, NRN1, PYCARD, TIMP3, and UCP2. For these genes, promoter methylation has previously shown to regulate expression (Gloss et al., 2011; Konishi et al., 2011) .
Effects of methylation on TF expression and TFBS
We compared the methylation status of differentially and nonDETFs. We did not identify any significant difference in the proportion of methylated TFs between the 2 groups (7% and 10% for differentially and non-DETFs, respectively). However, there was a significantly higher proportion of MPs mapping to the 3 0 UTR regions in the DETFs (50% vs. 15%, Fisher p ¼ 0.0001), whereas in the group of non-DETFs, most of the MPs mapped to the canonical promoter region (11% vs. 42%, Fisher p ¼ 0.0058).
We also analyzed whether methylation could affect the expression of TCs by binding to their TFBS, presumably by modifying the spatial structure of binding sites (Choy et al., 2010) . We screened the TFBS identified previously for overlaps with differentially MPs and found 304 TFBS in such locations (details of the statistical analysis are provided in Supplementary data, Methods). Out of all these TFBS, we only selected those, which overlap with differentially MPs showing a negative correlation between expression and methylation. Because of low number of high confident TFBS predictions made by RDM, we only identified a few TFs having several binding sites in such locations, namely, E2F group, Sp1:Sp3 complex, AP2alphaA, FAC1, and NHLH1 (for details, see Supplementary data, Methods and Table 7 ). This coincided with the underrepresentation of predicted TFBS for certain TFBS Fig. 4 . Percentage of methylation peaks mapping to different gene regions, within and outside CpG islands. including E2F and Sp1:Sp3 observed earlier (Supplementary  Table 6a and b), suggesting that the corresponding TFs even being nondifferentially expressed may be involved in regulation of differential expression.
Discussion
In this study, we used CAGE in combination with massive parallel sequencing to profile transcription initiation across 5 different brain regions of aged, nondemented individuals and evaluated the extent of region specificity in alternative promoter usage and expression. At a sequencing depth of 1e2 million CAGE tags per library, we found that 40% of all GENCODE genes were expressed in brain. This estimate is probably conservative because it has been shown that deeper sequencing is needed to identify rare functional transcripts (Mercer et al., 2011) . In addition, we annotated 6% of intergenic TCs to 559 lncRNAs that had previously only been predicted in silico.
We found that 77% of the genes with canonical TCs in our data set overlap with another brain transcriptome data set derived from RNA-Seq methodology (Ramskold et al., 2009) . Comparing the 2 data sets reveals that CAGE detects more ncRNA transcripts (e.g., lncRNAs and pseudogenes) whereas the proportion of proteincoding genes was higher with RNA-Seq. These differences could be the result of differences in sequencing depth or due to marked differences in the experimental design of both approaches. Indeed, although CAGE and RNA-Seq can be used to quantify the amount of gene expression and that there is a high correlation of gene expression between these 2 approaches (0.57, see Dong et al., 2012) , RNA-Seq libraries are commonly enriched for poly Aþ transcripts (Mortazavi et al., 2008 ) of which protein-coding genes are an abundant class. In contrast, CAGE method captures capped RNA transcripts of both poly Aþ and poly AÀ classes (Carninci, 2007) . This also may explain why some genes that appeared highly expressed in brain in the RNA-Seq data set were not identified with CAGE including mitochondrial and ribosomal genes because they are uncapped and, therefore, not well covered by the CAGE approach.
Recent studies show that ncRNAs regulate gene expression in brain and play a role in the development and in the onset of neurologic diseases (Schonrock et al., 2011) . Most research has focused on deciphering the functional role of lncRNAs and miRNAs, but other classes of ncRNAs may also be important. We found that more than 4.7% of the total RNA pool (and 24% of the ncRNA) consisted of annotated pseudogenes. The contribution of this ncRNA class to the transcriptome is currently unknown, with estimates ranging from 5% , which is consistent with our data, to 20% (Pink et al., 2011) . Although the functional impact of ncRNA classes was not assessed in this study, our findings demonstrate that pseudogene expression is a pervasive feature of the transcriptome in aged brain.
We found expression patterns consistent with aging, including high expression of GPAFP (Starkey et al., 2012) and SPARCL1, which are markers of gliosis, and high expression of genes involved in protection against oxidative stress and amyloid aggregation. This group includes CLU, the gene for clusterin, an extracellular chaperone that maintains stressed proteins in a soluble state, thereby preventing their precipitation (Poon et al., 2002) . Clusterin colocalizes with amyloid plaques and neurofibrillary tangles, and it has been suggested that it protects neurons from aggregate-induced damage (Yerbury et al., 2007) . The ubiquitin-proteosome pathway was overrepresented in the group of highly expressed genes. This pathway has been shown to be downregulated in disorders such as AD and PD (Dennissen et al., 2012) , and this decrease correlates with a failure of neurons to remove toxic protein aggregates. In this regard, it is important to stress that despite some pathologic findings consistent with aging, none of the 7 donors used for this study showed any overt AD or PD pathology (Braak tangle stages 3 and Braak a-synuclein stage 0eIV; Supplementary Table 1) . These results suggest that increased expression of genes involved in the ubiquitin-proteosome pathway and neuroprotection (e.g., CLU) may help to protect against overt protein aggregation in aged healthy individuals.
It has been recently shown that alternative promoter usage and alternative splicing can explain differences in gene expression across brain regions (Pal et al., 2011; Tollervey et al., 2011) . Our data support the role of alternative promoters in causing expression differences between brain regions. We found that 81% of the DETCs were putative alternative TSS of genes with a main promoter that was similarly expressed in all the regions analyzed. This shows that the major transcripts were more often uniformly expressed whereas alternative transcripts were more likely to be region specific. Alternative promoters can alter the expression of a main transcript by competing for the cell's transcription machinery (Davuluri et al., 2008) or by antagonizing the effects of the main transcript (Tschan et al., 2003) . For example, we found a DETC in M18 (Supplementary Table 5 ) mapping to the promoter region of a short isoform of DMTF1, which has been shown to antagonize the effects of the main DMTF1 transcript in myeloid lines (Tschan et al., 2003) . Whether the expression of the shorter isoform leads to the same changes observed in other cells cannot be ascertained here, but it suggests an interesting mechanism by which alternative promoter usage might lead to differences in expression.
In our data, most of the ATCs that were differentially expressed were located in noncanonical gene regions (Fig. 1a) , particularly in introns. Although there is evidence that CAGE tags can also mark post-transcriptional events (Mercer et al., 2010) , we provide several lines of evidence indicating that a proportion of transcription is initiated from noncanonical gene regions. First, we only included CAGE clusters present in at least 2 biological replicas, which makes it unlikely that a tag identified twice is the result of an artifact. Second, we found that at least one-third of noncanonical TCs overlapped with other signatures of promoter activity derived from H3K4me3 histone marks (data not shown). In addition, we confirmed with RACE the existence of capped products for 4 putative alternative TSSs in the CNP, RTN4, NRG3, and AUTS2 genes (Supplementary data, Results), which may represent novel isoforms for those genes. Indeed, we confirmed experimentally the presence of an alternative TSS in the intronic region of AUTS2, which is associated with a shorter transcript that was previously only in silico predicted. Our results indicate that at least one-third of alternative TSS map to intronic gene regions.
Several growth factor signaling pathways have been implicated in the alterations that render neuronal cell populations susceptible to neurodegeneration. Our data showed that the FGF, epidermal growth factor (EGF), insulin growth factor (IGF), and plateletderived growth factor pathways were overrepresented in several differentially expressed modules ( Supplementary Fig. 5 and Table 4a ). Common to these pathways is the mitogen-activated protein kinase (MAPK) cascade that has a broad range of effects on cellular function including survival and differentiation (Thomas and Huganir, 2004) . The FGF signaling pathway was the most significantly overrepresented pathway in module M27, where a reduced expression in hippocampus was observed. The hippocampal region is a primary target of the neurodegenerative changes that lead to cognitive impartment and AD. Several mechanisms have been suggested to lead to hippocampal dysfunction, including decreased neuronal plasticity and increased calcium toxicity. The FGF pathway can influence neural plasticity through several mechanisms including MAPK/ERK activation (Thomas and Huganir, 2004) , and its expression was reduced in the hippocampus relative to other regions. These findings suggest that the FGF pathway could be an important target for pharmacologic treatments to combat neurodegeneration.
The caudate and putamen regions (striatum), which are components of the cortical-subcortical circuits of motor functions, are particularly susceptible to neurodegeneration in disorders such as Huntington's disease and PD (DeLong and Wichmann, 2007) . Interestingly, functional enrichment analysis based on several DETCs showed that genes encoding components of the Wnt signaling pathway and the mGluRI were significantly overrepresented in the modules where coexpression in the striatal regions was observed (M18; Table 2 ). Both Wnt signaling and mGluRI have been implicated in the development or progression of PD L'Episcopo et al., 2011) . Moreover, mGluRI modulates neurotransmission throughout the basal ganglia, and its deregulation can contribute to neuronal damage . Our results suggest that in the absence of a clear genetic risk, pathways other than those associated with classical mutations are important determinants of the regional vulnerability in the aging brain.
We investigated whether differences in expression could be attributed to differential TF expression. We found that 7% of TFs were differentially expressed, and many of these have been shown to be involved in the neurodevelopment, which is unexpected given that neurons are postmitotic cells. The TFBS analysis also showed an overrepresentation binding sites for TFs involved in neurodevelopment. There are few explanations for this finding including a bias in the literature toward functional annotation of neurodevelopmental TFs. Another plausible explanation is that, as the brain ages, these genes may become derepressed because of, for example, damage in their promoter regions. Although we did not find decreased methylation in the group of DETFs, we found decreased methylation in the promoter region of this group and increased methylation in the 3 0 UTRs. Methylation marks at both ends of transcriptional units could affect the expression of the group of DETFs (Jones, 2012) .
Our analysis of methylation indicated that most of the methylation signals in our samples mapped to gene bodies and outside CpG islands. This is consistent with recent evidence that in brain most methylation signals occur within gene bodies, most likely in association with alternative promoters (Maunakea et al., 2010) . However, we did not find an overall correlation between methylation and TC expression. Several factors could account for the lack of correlation. For example, batch effects were evident in the CAGE data set. In addition, only 9% of the methylated regions colocalized with a TC, which means that most of the expression in our data remained uninvestigated. The lack of overlap between the MPs and the CAGE clusters could also be because of the fact that the arrays we used to profile methylation were biased toward annotated promoters and CpG islands, whereas our CAGE clusters mapped to a large extent to noncanonical regions. Last, as a result of the small sample size, most of MPs were identified in less than 5 samples and were removed from the statistical analyses. Despite this drawback, we identified several gene-associated TCs that were affected by methylation, some of which were already documented (Iwamoto et al., 2011) .
Our study is far from being comprehensive because of our small sample size and the limited number of brain regions analyzed. In addition, because of the diverse cellular composition of the brain, one might argue that the expression we observed is not exclusive to neuronal populations, although neurons and glia cells represent most of the cellular pool in human brain. A separate issue is that most of our bioinformatics analysis used public databases, which are still incomplete. For example, many protein-coding genes that we found differentially expressed could not be assigned to any functional pathway because of a lack of annotation. Therefore, inferences about functional pathways are based on a limited number of genes. Nonetheless, our data set provides an important addition to existing data on spatial expression patterns in brain.
In summary, our study shows that despite the absence of neuropathologic hallmarks of neurodegenerative disease, genetic signatures related to neurodegeneration were already present in brain regions that are highly vulnerable to neurologic disorders. We showed that differences in transcription initiation and hence gene expression between brain regions are partly explained by alternative promoter usage and that specific signaling pathways are affected by the differential patterns in gene expression that we observed. Our data are a starting point to investigate regional susceptibility to brain aging and neurodegeneration.
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